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Sequence-specific binding of a transcription factor to DNA is the
central event in any transcriptional regulatory network. However,
relatively little is known about the evolutionary plasticity of
transcription factors. For example, the exact functional conse-
quence of an amino acid substitution on the DNA-binding speci-
ficity of most transcription factors is currently not predictable.
Furthermore, although the major structural families of transcrip-
tion factors have been identified, the detailed DNA-binding rep-
ertoires within most families have not been characterized. We
studied the sequence recognition code and evolvability of the basic
helix–loop–helix transcription factor family by creating all possible
95 single-point mutations of five DNA-contacting residues of Max,
a human helix–loop–helix transcription factor and measured the
detailed DNA-binding repertoire of each mutant. Our results show
that the sequence-specific repertoire of Max accessible through
single-point mutations is extremely limited, and we are able to
predict 92% of the naturally occurring diversity at these positions.
All naturally occurring basic regions were also found to be acces-
sible through functional intermediates. Finally, we observed a set
of amino acids that are functional in vitro but are not found to be
used naturally, indicating that functionality alone is not sufficient
for selection.
biophysics  evolution  microfluidics
I t has been recognized that phenotypic differences amongstspecies, especially closely related ones, do not necessarily arise
from substantial differences in each species’ collection of genes,
but often appear, together with other factors such as alternative
splicing and posttranslational modifications, through the differ-
ential expression of similar gene repertoires (1, 2). The rewiring
of transcriptional regulatory networks can be achieved through
the evolution of transcription factors (TFs) (trans-acting regu-
latory elements) and their DNA-binding sites (cis-acting ele-
ments). Cis-acting regulatory elements have been studied in
detail and are dominant sources for the gradual evolution of
transcriptional regulatory networks (3–5). The evolvability of
trans-acting elements, or TFs, is less well understood. It is clear
that changing a trans-acting element will have a much broader
impact on a transcriptional regulatory network, because all
target cis-regulatory elements of the trans-element will be af-
fected, whereas a more gradual change can be achieved through
evolving individual cis-regulatory elements. Nonetheless, trans-
acting elements have evolved over time, giving rise to an ever
increasing number of TFs in more complex genomes (6). Al-
though it is relatively simple to identify mutations in both cis- and
trans-acting elements, the functional consequences of these
mutations are more difficult to glean, especially for trans-
elements where it is not yet possible to predict what effects an
amino acid substitution has on DNA-binding specificity and
affinity. A substantial amount of literature exists on the muta-
bility of Zn finger TFs using selection strategies (7–9), but most
other families remain relatively uncharacterized. Here we fo-
cused on the evolvability of the helix–loop–helix family of TFs by
systematically determining the evolutionary plasticity and DNA-
binding repertoire of one TF member of this family.
The bHLH TFs comprise the third-largest TF family after the
Zn finger and Homeo box families (6, 10). Functionally, bHLH
TFs are involved in a wide variety of processes but have been
primarily implicated in cellular proliferation, differentiation, and
determination (11). E12 and E47 were the first bHLH TFs to be
identified and characterized (12, 13), followed by the determi-
nation of the protein structure of the Max homodimer (14) as
well as theMax/Myc andMax/Mad heterodimers (15). All bHLH
crystal structures show a conserved and highly similar meta-
structure with identical positioning of the basic region into the
major groove of DNA. Because of the alpha-helical geometry,
roughly every third to fourth amino acid residue of the basic
region is positioned proximal to the major groove and is capable
of making base-specific contact (Fig. 1 A and B, and Fig. S1). By
using our amino acid and DNA-numbering scheme, residue
Arg-14 contacts C1, Glu-10 contacts A2 and C3, and His-6
primarily contacts C3 (Fig. S1). Residues Arg-3 and Lys-2 tend
to be unstructured but in certain circumstances have been
identified to contact base pairs 4 and 5. This amino acid–base
connectivity is observed in all Max structures as well as in the
crystal structure of Pho4 (16). Even in bHLH TFs with a
different set of 14 and 6 residues, such as E47 (17) and SREP
(18), Glu-10 is still positioned to contact A2 and C3. Further-
more, positions R14, E10, and H6 are conserved in six of seven
bHLH TFs in yeast (19) and are the most commonly observed
combination of residues in human bHLH TFs (Fig. S2B).
We characterized all single amino acid substitutions of five
DNA-contacting residues of Max to understand the extent to
which transcriptional regulatory networks may evolve through
direct changes in trans-acting elements. Simultaneously, we were
interested in cataloguing the DNA-binding repertoire of a TF
family by establishing an empirical table of DNA-binding do-
mains and their corresponding DNA specificities. It has been
postulated that it should be possible to generate a TF–DNA
recognition code, linking amino acid primary sequence with
DNA specificity. In principle, the generation of this code should
be possible, but the complexity of the protein–DNA-binding
interface has thus far prevented researchers from establishing a
comprehensive, unified DNA-recognition code (20–23). Cur-
rent work with protein-binding microarrays (24) has led to
catalogues of putative binding motifs for TF families, but this
technique often provides limited information on specific TFs
and often fails to resolve binding differences between individual
members of the same family (25). On the other hand, with
microfluidic affinity analysis methods (26) it is now possible to
probe the DNA-binding properties of a TF with exquisite
precision and sensitivity, which in turn can serve as a highly
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informative dataset for the development of computational meth-
ods to further automate and unify these various approaches.
Results
Mutant Library Generation and Microfluidic Affinity Analysis. We
systematically generated a comprehensive mutant library of the
DNA-binding domain of the bHLH TF Max by using a synthesis-
based mutagenesis strategy. To generate our TF library, we mu-
tated each of the four residues known to make DNA base-specific
contacts as well as one proximal amino acid (14–18) with all 19
possible amino acid point substitutions (Fig. 1). We used a primer
extension, multistep-PCR strategy for the rapid synthesis of these
mutants, allowing us to generate TFs with novel DNA-binding
domains from a library of long oligomers. We screened each of
these 95 mutants and five WT controls against a small single-base
library and a larger 3mer library (NNN library) covering 64 DNA
sequences for a total of over 6,400 interactions, each measured at
least in triplicate (Fig. 1 C and D). To achieve the scale and
sensitivity required for such a measurement, we used a highly
integrated microfluidic platform (27) coupled to on-chip synthesis
of the mutants and mechanically induced trapping of molecular
interactions (MITOMI) for relative affinity measurements (26).
Combining an on-chip protein synthesis strategy for the generation
of TFmutants, use of MITOMI for affinity measurements, and the
throughput of the microfluidic platform allowed us to rapidly
screen the entire matrix of TF mutants versus a large DNA target
library with high fidelity and sensitivity.
Sequence Specificity of MaxMutants. In the initial round of screens,
we tested each set of mutants against base substitutions in the
location where the WT residue contacts DNA, as determined
from the Max and Pho4 crystal structures (Fig. 2, Dataset S1).
This small-scale screen revealed a broad diversity in the function
of each position. Substitutions in the Arg-14 position resulted in
several changes in sequence specificity (Fig. 2A). Substituting
hydrophilic-neutral amino acids such as tyrosine, glutamine, and
asparagine, as well as the hydrophobic amino acids leucine and
tryptophan, for Arg-14 changed the sequence specificity from
CAC to CAT. Only methionine caused a specificity change from
CAC to CAG. CAA was not accessible by any substitution. This
situation drastically changed for the Glu-10 WT position (Fig.
2B), where essentially any substitution caused a drop in affinity
to near-baseline levels, indicating that Glu-10 is absolutely
required for sequence-specific binding. In positions H6, R3, and
K2, no change in sequence specificity was observed with any
substitution, but the mutants were able to modulate affinity (Fig.
2 C–E). Together, these results show that the three main
positions (6, 10, 14) each exhibit a unique function, with position
14 defining specificity, position 10 being absolutely necessary,
and positions 6 and 3 being able to modulate overall binding
affinity (position 6 and 3 are also found to modulate specificity
based on the NNN screen described below). Position 2 has no
major effect on either specificity or affinity and thus is probably
not forming any sequence-specific contacts and only limited
nonspecific interactions. The basic region is therefore surpris-
ingly rigid in respect to the possible DNA sequence specificities
that are accessible through single-site mutations. The only three
sequences that could be recognized are CA[C,T,G], albeit with
a wide range of affinities.
To ascertain that we were not missing any higher-order
sequence-specificity changes, we expanded the DNA sequence
space to a 3mer centered on the base being contacted by the
corresponding amino acid residue. To represent the large
amount of affinity data, we plotted the data in the form of heat
maps and clustered the amino acids according to their DNA-
specificity profile (Fig. 3, Figs S3–S7, and Dataset S2). The
results for Arg-14 of the larger screen corroborate the results
obtained from the small single-base screen, as no additional
sequence specificities beyond CA[C,T,G] were accessible. The
situation was similar for Glu-10, which we previously determined
to be essential. When screening H6, we found some additional
sequences that were not observed in the single-base screen. We
observed a cluster of amino acids that recognize CAAC as well
as the WT CCAC. A second, more generic, sequence motif we
observed is a split binding motif with the two e-box half-sites
being separated by four bases: CAC GCGC GTG. We found a
similar motif in positions Arg-14 and Glu-10, where CAC GC
GTG and CAA GC TTG were recognized by WT, which we
observed previously (26). We also found another split binding-
site motif of the sequence CAG CGCTG in positions 14, 10, and
6. This observation suggests that the loop region of bHLH TFs
allows these factors to recognize motifs split by GC, CG, or
GCGC, albeit with low affinity. It is interesting that the spacer
is also sequence specific. Position 3 can be subdivided into two
major functional groups, one that prefers N[G/A]C CACGTG
and a second smaller group that prefers N[G/A]T CACGTG. In
position 2, N[G/A]C is the main sequence cluster being recog-
nized with a strengthening of affinity for AAG as well as the
N[C/T][G/C] sequence cluster, rather than N[G/A]T. Position 2
therefore has no major effect on flanking-base specificity, which
is determined by position 3. As mentioned above, two major
specificity clusters are observed: N[G/A]C and N[G/A]T. Even
though 5 aa cause a shift to the N[G/A]T cluster: E,D,W,C, and
K, only lysine is used naturally to change specificity (see also Fig.
S2). We have previously shown that Max and Pho4 have signif-
icantly different flanking-base specificities than Cbf1, recogniz-
ing NCC and [A/G]GT, respectively (26). This f lanking-base
preference is explained in our dataset (Fig. 3) with the observed
Fig. 1. Structure of a Max homodimer bound to DNA (14). (A) The bases are
numbered around the symmetry axis (CACFGTG N3N2N1FN1N2N3). The
respective amino acids and their contacts are shown below the DNA base
numbers. (B) Detailed cross-section of the basic region–DNA interface. Four of
the five residues permutated in this study are shown in green. (C) The Max
mutant library and the corresponding DNA library that was tested for each
mutant set. (D) Schematic overview of the experimental setup. Linear mutant
templates and DNA targets are synthesized, sequentially cospotted onto an
epoxy glass substrate, which in turn is aligned to a microfluidic device. On-chip
mutants are synthesized by using in vitro transcription/translation and mea-
sured for binding to the cospotted target DNA sequence with MITOMI.
Maerkl and Quake PNAS  November 3, 2009  vol. 106  no. 44  18651
EV
O
LU
TI
O
N
sequence specificities in position 3, particularly in base posi-
tion N4. Finally, a complex picture emerges when comparing
the physical characteristics of the amino acids with their
sequence-specificity profile (see Figs. S3–S8). The overall
specificity profile varies drastically in each position, although
small clusters of amino acids with similar physical properties
and sequence specificities are observed. By using principal
component analysis, we determined that the observed vari-
ances in sequence specificity and affinity as a function of amino
acid properties in positions 14, 6, 3, and 2 are significantly
correlated with the pI of the substituted amino acids (Table
S1). Position 10, on the other hand, is dominated by residue
size and volume; surface size and volume were also found to
play a significant role in position 6.
Comparison of the in Vitro Data with the Naturally Occurring Basic
Region Diversity. After having experimentally characterized the
possible amino acid repertoire of the bHLH basic region, we
were interested in determining the naturally occurring basic
region diversity. To this end, we extracted the annotated basic
regions from all240 bHLH TFs listed in the InterPro database
and performed a sequence alignment. From this alignment, we
extracted 85 nonredundant basic regions, which aligned into nine
major branches (Fig. S2A). Two of these branches consisted of
basic regions known not to bind DNA, as seen in the ID TF
subfamily. The sequence alignment shows that Glu-10 is con-
served in all 64 remaining basic regions, in concordance with our
experimental measurements. When only considering the diver-
sity in the functionally dominant positions, the diversity further
collapses into 15 families (Fig. S2B), for which we predicted the
binding specificity by using the experimentally determined val-
ues (Fig. S2C). For the functionally dominant positions 14, 6, and
3, we plotted the mutational distance of all naturally observed
amino acids and those amino acids we find to be functional in
vitro (Fig. 4). We defined amino acid substitutions to be ‘‘func-
tional’’ if they showed at least twice the affinity as that observed
for proline in our single-base screen. Proline serves as a conve-
nient baseline in our dataset as it strongly inhibited binding when
substituted in positions 14, 10, 6, and 3. We find that all naturally
occurring amino acids are functional except for isoleucine and
valine in position 14 and glycine in position 6. Valine in position
14 is mainly observed in branch number 8 of the basic region
alignment, with one instance occurring in branch number 7.
Branch number 8 consists of the Ascl bHLH TFs and E12/E47.
Here, arginine 9 and 11 are highly conserved and known to make
nonspecific and specific DNA contacts (17) and thus are likely
needed to reconstitute binding. Interestingly, we consistently
find cysteine, tryptophan, and tyrosine to be functional, even
though those amino acids are never naturally observed, suggest-
ing that these 3 aa are possibly under negative selection pressure.
Even in position 2, where the selection pressure is reduced,
cysteine, tryptophan, and tyrosine are still omitted. The ability
of cysteine to form disulfide bonds may be one reason for its
negative selection, whereas the observed specificity of trypto-
phan may not be sufficient for in vivo usage. The reason for the
omission of tyrosine remains unclear. We find in each position
functional amino acids that are only one mutational step re-
moved from the WT but are not naturally observed, indicating
that the ability to bind DNA specifically by itself is not sufficient
to cause selection and in vivo usage. The notion that a negative
pressure must exist that prevents certain amino acids from being
used in the basic region is further strengthened by the fact that
a mutation from arginine to cysteine in position 14 is only one
mutational step away and does not lead to changes in sequence
Fig. 2. Dataset of mutants of positions 14 (A), 10 (B), 6 (C), 3 (D), and 2 (E). Each graph shows the 20 amino acids per position and their binding specificity for
the indicated DNA sequence. The WT MAX amino acid residue is denoted by an asterisk, and naturally occurring amino acids in other bHLH TFs are indicated
by a red dot.
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specificity, but nonetheless is never observed. It is of course also
possible that affinity plays a major role in TF evolution, which
could explain some, but not all, of the observed amino acid usage
patterns.
Finally, we were interested in determining whether our sys-
tematic single amino acid substitutions and in vitro sequence-
specificity measurements were sufficient to predict the observed
sequence specificities of naturally occurring bHLH TFs. We
R14 NNN•NNN
E10 NNN•NNN
H6 NNNC•GNNN
R3 NNNCAC•GTGNNN
K2 NNNCAC•GTGNNN
Fig. 3. Large-scale dataset of all 20 amino acid mutants in the five positions measured against a full 3mer (64 DNA sequences). Affinity to a specific sequence
is shown by a color gradient from green to red (low to high affinity, respectively). Each row has been normalized to better visualize the DNA-binding preference
of each amino acid. The amino acid binding specificities are clustered, and the distances between amino acid specificities are shown on the left side of each graph.
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extracted known experimental data from literature for members
of the functional branches of the basic region alignment tree
(branches 1–3 and 6–9 of Fig. S2A) and summarized this
information in Table S2. Most of this sequence-specificity in-
formation was derived from noncomprehensive EMSAs, or
SAABs (selected and amplified binding), which can distort the
actual sequence specificity. Nonetheless, in most cases we cor-
rectly predict the observed specificity. Only branches 3, 8, and 9
show disagreements, and the latter two branches show internal
ambiguity due to the limitations of the experimental methods
used.
Discussion
We systematically determined the sequence specificity of a large
set of bHLHmutants, including amino acid substitutions that are
not naturally observed. With our dataset, it is possible to
determine the evolutionary trajectory a bHLH TF can take via
single amino acid substitutions, rather than solely cataloguing
the diversity of an existing family. We found that the basic region
of bHLH TFs is extremely restricted by the number of residues
that retain function.We also observed that all naturally observed
basic regions are accessible without intermediate loss of func-
tion. This suggests that, even after a gene duplication event, a
bHLH TF retains viability, which may be followed by a slow
gradual drift through the functional amino acid space. Further-
more, the sequence-specificity space that bHLH TFs can explore
through single amino acid substitutions is extremely restricted.
Nature has explored the entire available sequence-specificity
repertoire of the basic region, indicating that the bHLH family
evolved from a new structural motif efficient at recognizing a
particular sequence but consequently was not able to signifi-
cantly diversify. One obvious solution to a limited sequence
repertoire is dimerization (28), which allows the multiplexing of
a small number of sequence specificities into a larger repertoire.
A similar sequence repertoire restriction exists in the Zn finger
family, but there nature was able to evolve a more modular
scaffold, which allows for the multiplexing of several Zn finger
domains, explaining the numerical dominance of that specific
family (29, 30). Overall, our experiments show that evolving new
and considerably different sequence specificities is not easily
achievable within the bHLH family, but rather must involve
larger topological changes or repositioning of the DNA-binding
interface, seeding a new family of TFs (31). These findings can
likely be extended to the bZip family, because of the consider-
able structural similarities the bZip family of TFs shares with the
bHLH family. Additionally, as the four largest TF families
frequently sense DNA sequence by inserting an alpha–helix into
the major groove of DNA, the findings here may apply to all TFs
using this mode of sequence-specific binding. To evolve new
transcriptional regulatory network connectivity by slow, gradual
drift of TF specificity through single-site mutations therefore is
possible, but it also seems to be suboptimal, suggesting that
network evolution is probably mainly driven by reshuffling of
existing DNA binding domains, evolving new DNA binding sites
(32, 2, 33), gene duplications (31), or other more plastic regu-
latory methods, such as posttranscriptional regulation of gene
expression (34).
Our experiment provides a bHLH-specific ‘‘lookup table’’ that
can be used to predict the sequence specificity of most bHLH
TFs (Table S2) and demonstrates the possibility of generating
similar tables for the remaining major TF families. Moreover,
because of the dominant role bHLH TFs play in development,
we were able to link our dataset to a number of cases where a
mutation in the basic region of a bHLH TF gives rise to a
disorder (35–37). For example, a R14W mutation in HES7
causes spondylocostal dystosis (35), a R14H mutation in MYCN
causes Feingold syndrome (37), and a E10K mutation in Neu-
roD1 causes maturity-onset diabetes of the young (36). All of
these mutations can be understood on a molecular level by using
our dataset.
Even though we generated a systematic library of single-site
amino acid substitutions, the experimental approach is extremely
flexible and can be applied to higher-complexity mutants con-
taining multiple substitutions as well as other protein libraries
(38). Additionally, the approach presented here is not only
applicable to measuring protein–DNA interactions but can also
Fig. 4. A graphical representation of the mutational distance of the amino
acids, which naturally occur and/or have been determined to be functional in
our in vitro assay. The WT amino acid is shown with a green background, with
all naturally occurring amino acids shown in red. Functional amino acids are
solidly shaded, whereas nonfunctional amino acids are indicated by a hatched
shading. Numbers in parentheses below the amino acid abbreviation indicate
the number of times the amino acid is observed in the basic region alignment
tree (Fig. S2B). The edge thickness corresponds to the observed amino acid
substitution rates (41, 42). (A) In position 14, all functional amino acids, with
the exception of valine, are one mutational step away from the WT, including
the second-most commonly observed amino acid, methionine. Tryptophan
and cysteine are both functional and only one mutational step away from the
WT, but they are not naturally observed. Tyrosine and asparagine are also not
observed and are two mutational steps away. (B) Position 6 shows naturally
occurring and functional amino acids up to three mutational moves away
from the WT. Particularly interesting is the polar distribution of histidine and
alanine, the two most common naturally occurring amino acids. Again, func-
tional amino acids are observed one and two mutational steps away from the
WT, which nonetheless are not observed naturally. (C) Position 3 resembles the
picture seen in position 14. Here, the two most functional amino acids,
arginine and lysine, are also the most common with 47 and six counts,
respectively.
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be used to measure protein–protein interactions or screens of
enzymatic function. Coupled with current advances in gene
synthesis, our approach will provide a rapid path to character-
izing the relationship between protein sequence and function,
broadly impacting fields such as molecular evolution, directed
evolution, and protein design. Furthermore, datasets obtained
with such experimental approaches should prove instructive for
the development of accurate molecular simulations.
Materials and Methods
Method Overview. Max mutant linear-expression templates and DNA targets
were synthesized essentially as described previously (26). The linear-
expression templates and DNA targets were sequentially cospotted onto an
epoxy-coated glass substrate (CEL Associates), followed by alignment of the
array to a microfluidic device, essentially as described (26). The fluidic devices
contained either 640 or 2,400 unit cells, depending on the size of the exper-
imental dataset obtained. Mutants were synthesized on-chip by introducing
a wheat germ in vitro transcription/translation mixture (Promega) spiked with
a tRNAlysbodipyfl conjugate (Promega) for the residue-specific labeling of
proteins with a fluorophore. The device was scanned once after 60-min
incubation at 30° C on a hot plate. For detection, the MITOMI membrane was
closed, the channels washed for 5–10 mins with PBS, followed by a second
scan. The array scans were quantified by using Genepix Pro 6.0 (Axon Labo-
ratories). The binding profiles were clustered by using Gene Cluster 3.0
(Michiel de Hoon, University of Tokyo) and displayed by using Java Treeview
(39). Basic regions were extracted and modified by using custom-written
python code and aligned by using Clustal X (40). Sequence logos were gen-
erated by using SEQLOGO 0.4 (EMBL-EBI). Experimental details are reported in
the SI Text.
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